Abstract. Psoriasis is a chronic skin disease that is assessed visually by dermatologists. The Psoriasis Area and Severity Index (PASI) is the current gold standard used to measure lesion severity by evaluating four parameters, namely, area, erythema, scaliness, and thickness. In this context, psoriasis skin lesion segmentation is required as the basis for PASI scoring. An automatic lesion segmentation method by leveraging multiscale superpixels and K -means clustering is outlined. Specifically, we apply a superpixel segmentation strategy on CIE-L Ã a Ã b Ã color space using different scales. Also, we suppress the superpixels that belong to nonskin areas. Once similar regions on different scales are obtained, the K -means algorithm is used to cluster each superpixel scale separately into normal and lesion skin areas. Features from both a Ã and b Ã color bands are used in the clustering process. Furthermore, majority voting is performed to fuse the segmentation results from different scales to obtain the final output. The proposed method is extensively evaluated on a set of 457 psoriasis digital images, acquired from the Royal Melbourne Hospital, Melbourne, Australia. Experimental results have shown evidence that the method is very effective and efficient, even when applied to images containing hairy skin and diverse lesion size, shape, and severity. It has also been ascertained that CIE-L Ã a Ã b Ã outperforms other color spaces for psoriasis lesion analysis and segmentation. In addition, we use three evaluation metrics, namely, Dice coefficient, Jaccard index, and pixel accuracy where scores of 0.783%, 0.698%, and 86.99% have been achieved by the proposed method for the three metrics, respectively. Finally, compared with existing methods that employ either skin decomposition and support vector machine classifier or Euclidean distance in the hue-chrome plane, our multiscale superpixel-based method achieves markedly better performance with at least 20% accuracy enhancement.
Introduction
Psoriasis is a chronic, autoimmune, and long-lasting skin condition. International Federation of Psoriasis Associations says that psoriasis affects 125 million people worldwide, which is 2% to 3% of the world's population. 1 It occurs when the immune system mistakenly changes the life cycle of skin cells in the body. This change causes the cells to build-up rapidly on the surface of the skin within seven days while a normal skin cell matures in 28 to 30 days. 2 Consequently, the extra skin cells form thick, itchy, dry, red patches and result in psoriasis lesions. These lesions may vary in severity from minor localized patches to all over the whole body. Plaque, guttate, inverse, pustular, and erythrodermic are different types of psoriasis. 3 The most common form is plaque psoriasis, which appears as red patches covered with a silvery white build-up of dead skin cells. There is no specific medical test for psoriasis. Alternatively, dermatologists usually diagnose the condition visually. There are different topical and systemic medication options to help control the disease, but it takes some time before the right treatment works for an individual.
The current gold standard method used to assess the severity of psoriasis is the Psoriasis Area and Severity Index (PASI). 4 Dermatologists use their own judgment to determine scores for each of four parameters: erythema (redness), thickness, scaliness, and percentage body surface area. 5 Each measure is scored in four different body regions: head, trunk, and upper and lower limbs. The intensity of erythema, scaliness, and thickness symptoms are assessed as none (0), mild (1), moderate (2) , severe (3), or very severe (4) , while the percentage area is expressed as nil (0), 1% to 9% (1), 13% to 29% (2), 30% to 49% (3), 50% to 69% (4), 70% to 89% (5), or 90% to 100% (6) . Then the scores from the regions are weighted and summed to give a PASI score ranging from 0 to 72 using the below equation E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 3 2 6 ; 1 9 3 PASI Score ¼ 0.
where A, R, T, and S refer to the four PASI measures, namely, area, redness, thickness, and scaliness, respectively. Also, h, u, l, and t are the four body regions, head, upper limbs, lower limbs, and trunk, respectively. For example, R t refers to the erythema measure for the trunk region. Finally, the score of each body region is multiplied by the body surface area of the region. For instance, 0.1 is the surface area for the head while 0.4 is for lower limbs. Developing computer-based systems for psoriasis severity assessments has recently gained popularity since obtaining consistent, precise, and reliable severity scoring as well as reducing the inter/intraobserver variations is important in clinical practice. [6] [7] [8] In this context, much attention in constructing diagnosis systems has being paid to lesion segmentation, which is an essential step toward accurate severity scoring. However, imperfection in data acquisition as well as scene illumination increases the complexity of segmentation. Moreover, the lack of a publicly available psoriasis image set is the biggest obstacle to performing accurate lesion segmentation. In addition, lesion ground truth is required for both supervised segmentation and performance evaluation measures. In fact, to date no psoriasis image set, annotated or unannotated, is publicly available, which may be attributed to the current limited amount of indepth research in the area of psoriasis image analysis. Even though a lot of research has been conducted on image segmentation and has resulted in many applications, 9 very few methods have been proposed for psoriasis lesion segmentation. In Ref. 10 , a skin image is decomposed into melanin and hemoglobin using independent component analysis (ICA). Then, features from the decomposed images are used for erythema detection. Also, in Ref. 11, Euclidean distance in the huechrome plane is implemented for erythema lesion segmentation. Similarly, a linear Gaussian mixture model is exploited for lesion segmentation based on the difference between the green and blue color bands. 6 However, both of the above methods are limited to images with erythema only; as a result, lesions with scales are not segmented precisely.
However, among the various image segmentation techniques reported in the literature, superpixel algorithms have become increasingly popular. 12, 13 These algorithms aim to group pixels with similar characteristics into perceptually meaningful regions. They are able to capture image redundancy, provide a convenient primitive to compute local image features, and greatly reduce the complexity of subsequent tasks.
14 Nevertheless, it is a nontrivial task to determine to what extent an image should be segmented to obtain optimal results. It is well understood that smaller patches (i.e., high-resolution image) possess better consistency and that they often lose resemblance to the whole lesion. A coarse oversegmentation (i.e., low-resolution image), on the other hand, may not capture the details fully. In addition, compared with singlescale superpixel segmentation, the same image that is segmented on different scales yields more structural information. Intensive experimentation might help find the best scale for the superpixel of a specific set of images. However, if the region of interest has different sizes and complex structures across the image set, then single scale may not yield optimal results for such domains. Recently, to overcome this problem, researchers have come to rely on multiscale superpixels in performing computer vision tasks, such as remote sensing, 15 breast tumor segmentation, 16 and identification of regions of interest in histopathological images. 17 In this work, the motivation is to provide, for the first time, an automatic method for both erythema and scales segmentation in two-dimensional (2-D) psoriasis images. For this purpose, we exploit the multiscale superpixels, followed by K-means clustering and a decision fusion strategy suitable for segmentation of psoriasis lesions. The contributions of this work can be summarized as follows:
1. For the first time, we present a fully automated method for the segmentation of psoriasis lesions containing both scales and erythema.
2. The images set used in this work is the largest set to date that has been used in psoriasis segmentation. It will be made available for public access after consultation with the Royal Melbourne Hospital (RMH), Australia, and the current research tasks are completed. This, we hope, will contribute to the advancement of research in the area of psoriasis severity scoring, as well as validating all of our proposed scoring methods.
3. The proposed method accurately and efficiently segments psoriasis images regardless of the image resolution, lesion size, shape, and severity or the presence of skin hairs.
4. We make use of unsupervised methods (i.e., superpixel and K-means algorithms) to segment psoriasis lesions.
5. Both multiscale and image fusion techniques are employed to refine the segmentation of individual single superpixel scales.
6. In this work, we ascertain that a Ã and b Ã color channels contain the optimal set of features that accurately differentiates between normal and lesion skin areas.
7. The performance of the proposed method is extensively analyzed and compared with the state-of-theart methods for psoriasis lesion segmentation.
The rest of the paper is organized as follows. Section 2 presents the collected psoriasis dataset. Section 3 provides a detailed description of the proposed segmentation method. Section 4 discusses the experimental results. A comparative study is also explained in Sec. 5. Finally, we conclude and outline future research directions in Sec. 6.
Psoriasis Dataset
The dataset used in this study comprises 2-D digital images of psoriasis obtained by clinical photographers at the RMH over the last three years. We obtained a written consent from all patients involved in this study for use of the captured images in medical record, education, and research publications; consequently, the ethics committee of the RMH authorized the use of the data in our research. The images are captured under standardized lighting with two different cameras: Nikon D700 and Nikon 60 mm f∕2.8 D90. 1936 × 1296, 2848 × 4288, and 2832 × 4256 are the resolutions of the acquired images. In total, 676 psoriasis images were acquired, representing 44 different patients. For each patient, a set of images was collected from different visits to the clinic during the treatment period. We have used an automatic method for skin segmentation, which was proposed by our previously published research, to generate the skin ground truth. 18 The implemented method is reported to provide an accurate basis for skin detection by removing the background without affecting psoriasis lesions. Histogrambased Bayesian classifier along with Otsu's thresholding was used to extract a binary skin map (SM) image. A final skin mask was obtained by fusing the SMs from different color channels using binary logical OR.
We also used our method 19 for automatically removing side markers found in some images. The method is based on statistical shape features, regardless of the markers' position inside the image. A contrast-limited adaptive histogram equalization 20 was applied for image enhancement. Then, Otsu's thresholding method 21 was used to extract a binary image. The binary image was refined using morphological operations (both closing and opening). 22 Next, statistical shape features were calculated for each connected component in the refined image, namely, eccentricity, solidity, area, and bounding box. Finally, all side markers were detected and eliminated by thresholding the extracted features.
Even though the collected images have scores for each PASI parameter, unfortunately, we were not provided with a binary lesion ground truth for the image set. As lesion ground truth is required for the validation of the segmentation method, we manually constructed the lesion ground truth using 50 images chosen from a set of 12 different patients. Each image is split into nonoverlapped manually selected small crops with different sizes to focus on the lesion regions. Figure 1 shows an example for one of the psoriasis images and its small selected crops. From the figure, it is clear that the lesions in the cropped images vary in shape, severity, and size. The splitting strategy yielded 457 cropped images that have been used to validate the proposed method.
Proposed Method
In this paper, we exploit the multiscale superpixels method for the segmentation of psoriasis lesions. Figure 2 shows the framework for the proposed method. As shown in the figure, the proposed method consists of three phases: (1) multiscale superpixel generation, followed by nonskin superpixels elimination, (2) lesion segmentation for each individual single scale, and (3) decision fusion of the multiscale segmentation results. Each stage of the performed method is explained in more details in the following sections.
Multiscale Superpixels Generation
This section illustrates superpixel generation, which includes two main steps. First, we produce superpixels using simple linear iterative clustering (SLIC) on different scales. Second, we eliminate superpixels that belong to nonskin areas from each individual scale separately. The resulting set of superpixels is used in the clustering algorithm instead of image pixels. Each step is explained in detail in the following subsections.
Simple linear iterative clustering
SLIC is one of the approaches used for generating superpixels. A recent study examined 28 superpixel algorithms and recommended SLIC to be among the best 6 approaches to use in practice. 23 SLIC manipulates K-means to perform local clustering of pixels in the 5-D space defined by the L, a, and b values of the CIE-L Ã a Ã b Ã color space and x, y pixel coordinates. SLIC includes three main steps: (i) initialization: given an image with N pixels and K desired superpixels (i.e., number of clusters), the image is first divided into K regions, spaced evenly, on a regular grid with interval S ¼ ffiffiffi N K q ; (ii) superpixels formation: K-means is utilized to assign each pixel to the nearest cluster center (i.e., superpixel) using special distance metric D s [see Eq. (2)] to enforce color similarity as well as pixel proximity in the resulting superpixels. For faster computations, the search window is limited to 2S × 2S around the cluster center, and each pixel is allocated to the center whose search area overlaps this pixel. (iii) Cluster centers update: new centers are computed by the average l-a-b-x-y vector of all pixels associated with each cluster. Finally, steps 2 and 3 are repeated until convergence occurs.
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 3 2 6 ; 3 2 9
where
. d lab is the intensity similarity, and d xy is the spatial proximity measure normalized by the grid interval S. m is a variable used to control the compactness of the resulting superpixels; the greater the value of m, the more spatial proximity is emphasized and the more compact the cluster is.
As the studied dataset has different resolutions, using the same K for all images may lead to inconsistent results. To overcome this problem, we dynamically estimate K for each individual image. Given an image with N pixels and S 2 as the size of the desired superpixel (i.e., scale), then K ¼ N S 2 . For example, if the image has a resolution of 400 × 400 (i.e., N ¼ 160;000) and the desired superpixel scale is S ¼ 20 × 20 (i.e., S 2 ¼ 400), then K ¼ 160;000 400 ¼ 400. In other words, we run SLIC to output superpixels of specific size to obtain consistent results for the constructed psoriasis evaluation set. Figure 3 shows the resulting superpixels using a scale of 40 × 40 for images with different resolutions. As mentioned in Sec. 1, the selection of superpixel scale is a nontrivial task, and it is indeed application dependent. In view of psoriasis lesion segmentation, psoriasis lesions are widespread all over the body of the patient and have different shapes, colors, sizes, and even complex structures. For instance, a superpixel scale that suits small lesions may not suit larger ones, and vice versa. Figure 4 shows the significant effect of superpixel scale on the final segmentation results. It shows that large scales are better for psoriasis lesions with large size and containing mixed scales and erythema (see the image in the first row and second column of Fig. 4) . Also, using small superpixel scales with the large lesions leads to some segmentation errors as some scaly regions may be clustered as normal skin instead of lesions (see the image in the first row and fourth column of Fig. 4 ). In contrast, in the case of psoriasis images with tiny lesions, small superpixel scales yield better results (see the image in the second row and fourth column of Fig. 4 ), while using large scales produces superpixels containing both normal and lesion pixels and, consequently, inaccurate segmentation result (see the image in the second row and second column of Fig. 4 ). To overcome this problem, we execute the superpixel approach on various scales. Specifically, we use five different scales. 
Nonskin superpixels suppression
Preprocessing is required to eliminate all superpixels that belong to nonskin regions. Two advantages result from preprocessing: first, it makes the task of the clustering algorithm much easier by focusing on the difference between two clusters (i.e., lesion and normal skin) instead of three clusters (i.e., lesion, normal, and background). Second, it accelerates the computation times for the subsequent phases, specifically, feature extraction and clustering. The elimination process is simply accomplished using the automatically generated nonskin ground truth, where a superpixel is considered a nonskin region if there is an intersection between the pixels that belong to the superpixel and nonskin ground truth. In summary, this stage finds a representation for the skin area in a given psoriasis image using a set of superpixels on five different scales. Superpixels in each scale can be viewed as an oversegmented image with the number of labels equals to the number of generated skin superpixels.
Psoriasis Lesion Segmentation
In this section, we employ K-means clustering algorithm, which uses the color and texture features extracted from the produced superpixels, to achieve accurate lesion segmentation.
Features extraction
After representing each psoriasis image by a set of superpixels, it is necessary to extract features for each superpixel in preparation for lesion segmentation. Indeed, assigning superpixels to either normal or lesion skin groups is significantly influenced by the features used in the clustering algorithm. In this respect, two important queries must be investigated in order to construct an accurate and appropriate set of features. These are: what color space and which type of features should be used?
In this study, we use CIE-L Ã a Ã b Ã color space as it closely matches with human perception of color and has been shown to yield high performance for skin detection. 24 It was proposed by Wyszecki and Stiles, 25 standardized by Commission Internationale de L'Eclairage (CIE), and is considered a reasonably, perceptually, uniform color space. It is also device independent and calculated using nonlinear transforms from RGB color space. In this color space, L Ã channel represents the luminance (lightness), a Ã indicates where the color falls along the red-green axis, and b Ã indicates where the color falls along the blue-yellow axis. In this paper, we use both a Ã and b Ã chromaticity channels for feature extraction as they contain full color information. Unfortunately, the illumination variation problem is highly present across the whole set of the captured images. Figure 5 clarifies the individual color channels of CIE-L Ã a Ã b Ã color space with a visual evidence that the L Ã color band is not crucially important for psoriasis lesion segmentation as it does not adequately differentiate between normal and abnormal skin areas. It is obvious from the figure that incorporating features from luminance channel (L Ã ) may result in erroneous clustering and, consequently, wrong segmentation.
Second, regarding which features to extract for clustering, we use four color and one texture features. The fact that psoriasis lesions usually contain erythema (reddish spots) and scales (white regions with texture pattern) has led us to examine both types of features. For each superpixel region, four color features, namely min, max, average, and variance, and one texture feature, which is Shannon entropy, are extracted from both a Ã and b Ã color channels. As a result, we ended up with 10 features for each generated superpixel. Shannon entropy measures the degree of randomness in a digital image and is defined as
It describes the uncertainty and complexity characteristics of intensity distribution, which can quantitatively describe the texture that is contained in the image. In this paper, we estimate local Shannon entropy (i.e., for each superpixel). Local Shannon entropy has been proven to be a better texture measure than the global Shannon entropy (i.e., for the whole image). 26 This reason motivated us to use this feature to describe the texture measure of superpixels. 
K-means clustering
We then employed the K-means clustering algorithm on top of the extracted features. K-means is an unsupervised learning algorithm that has achieved great success in the area of image segmentation. 27, 28 The algorithm starts with random initialization for K centroids. Then, each superpixel is assigned to the nearest centroid (cluster), and, iteratively, the K centroids are updated to minimize the cost function, as shown in the following equation: 29 E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 4 1 7 J ¼
where x 1 : : : ; x n ∈ R m are n observations and c 1 : : : ; c k ∈ R m are k centroids.
In this paper, K-means is applied to find two clusters for normal and lesion skin areas. Since K-means is an unsupervised machine learning algorithm, the outcome is not labeled. This means that the resulting two clusters are not identified as lesion or normal skin. To address this issue, we compare the value of the average a Ã -level feature for both cluster centers, and the center with the highest value is considered to be the lesion cluster, while the other cluster is considered to be normal skin. The rational behind this method of labeling is that psoriasis lesions are usually more reddish than normal skin, and this results in a higher a Ã value for the center of the lesion cluster than that for the normal skin. This is also logical as the a Ã band indicates where color falls along the red-green axis. Figure 6 shows sample images where the lesion has higher a Ã value. The figure also shows sample results for K-means segmentation after determining the lesion cluster using the above-mentioned strategy. 
Fusion of Multiscale Segmentation Results
The aim of this section is to obtain the final segmented lesion from the multiscale segmentation results. For this purpose, we use majority voting as an effective fusion strategy, in which a final decision is made by combining the individual segmentations of different single scales. This method operates on the segmented images, where each pixel is assigned either 1 or 0, depending on whether the segmentation algorithm using superpixel scale s chooses pixel j as lesion or not. Then, the number of each class occurrence is counted across all scales (i.e., how many scales voted for this pixel to be a lesion or normal skin). Finally, the pixel is assigned to the class that receives the largest total votes.
Results and Discussion
In this study, the psoriasis lesion segmentation method is implemented in Python using core i7 PC with a 3.4-GHz processor and 8 GB of RAM. The fully automated approach for psoriasis lesion segmentation developed in this paper is summarized by the following distinctive steps: first, we apply SLIC for superpixel generation on five different scales. This is followed by a suppression process for the undesired superpixels, those which belong to nonskin pixels. Then, for each superpixel scale, we exploit the use of various color and texture features from CIE-L Ã a Ã b Ã color space, along with the K-means algorithm, for superpixel clustering of the image into normal and lesion skin areas. Finally, majority voting is performed to fuse the individual segmentations of different scales to obtain the final segmented lesion.
A set of 457 psoriasis images is used to evaluate the proposed method. In addition, we use three metrics for performance evaluation, namely, Jaccard index, which is defined to be JðX; YÞ ¼ jX ∩ Yj∕jX ∪ Yj, Dice coefficient, which is calculated by dcðX; YÞ ¼ 2 · jX ∩ Yj∕jXj þ jYj, and pixel accuracy, which is defined by the formula paðX; YÞ ¼ jX ∩ Yj∕jYj, where Images resolution-average: 705 × 770, min: 160 × 171, and max: 2629 × 2800 Fig. 7 The generated superpixels before and after nonskin superpixels elimination: (a) before suppression and (b) after suppression. X and Y are two binary images and Y is the ground truth image. The proposed method has achieved average performance measures of 86.99, 0.698, and 0.783 for pixel accuracy, Jaccard index, and Dice coefficient, respectively. The processing times of the individual steps of the proposed method are reported in Table 1 . The processing time was calculated by applying the proposed method on each individual image in the evaluation set and recording the execution time for each phase. Then, the mean and standard deviation were computed for each individual phase. As shown in the table, the time increases for all stages as the scale decreases because smaller scales lead to a larger number of superpixels. Also, it is quite clear that the nonskin superpixel suppression stage consumes a lot of time compared with other stages. It is noted that K-means has the lowest execution time, followed by superpixel generation. Furthermore, we note that decreasing superpixel scale would greatly affect the time taken in the feature extraction stage. For instance, feature extraction takes ∼2.5 s when using a scale of 40 × 40, while it takes 17.7 s when using scale of 15 × 15. To summarize, although the proposed method comprises a number of stages, it takes from 1 to 4 min on average for an image to be segmented. We also note that the evaluation set contains a diverse range of resolutions, as shown in the table. For detailed evaluation of the proposed method, we have examined the performance of its different stages, as explained in the following paragraphs.
The first phase deals with superpixel generation. We set the value of the smoothing parameter σ, which is used in the SLIC algorithm, to be 5. The value of the compactness parameter m is chosen according to the default value (i.e., 10) recommended by the authors of the algorithm. Also, five different scales are involved in which each scale has a different superpixel size (40 × 40, 30 × 30, 25 × 25, 20 × 20, and 15 × 15) . These parameters are chosen after several experiments on randomly selected images from our dataset. Figure 7 shows some results for superpixel generation before and after the elimination of nonskin superpixels.
In the second phase, we cluster the generated superpixels on each scale separately using the K-means algorithm. As clustering accuracy is highly influenced by the used color space, we found the CIE-L Ã a Ã b Ã to be the best color space for psoriasis segmentation. Furthermore, using only the two channels a Ã and b Ã for clustering yielded the best segmentation results. Figure 8 shows the segmentation of an image using features extracted from four different color spaces, namely, RGB, YCbCr, HSV, and CIE-L Ã a Ã b Ã , as well as the a Ã b Ã -space proposed in this paper. Furthermore, the figure reveals the evaluation metrics for each segmented image. It is obvious that the a Ã b Ã space markedly outperforms the other color spaces. Also, the figure shows evidence that incorporating features from the luminance channel (L Ã ) may lead to false clustering and, consequently, false segmentation, as shown in Fig. 8(e) . Additionally, Fig. 9 segmentation results from each individual superpixel scale. Similar to the previous figure, the evaluation metrics are computed for each segmented image. As revealed in the figure, using small scale (15 × 15) yields the best results for the first image in which the lesion border is accurately captured. This is in contrast to the second image in which larger superpixel scale results in better segmentation. To solve this problem, we performed multiscale superpixels followed by image fusion.
In the last phase, we use majority voting for decision fusion. Figure 10 shows sample visual results using the proposed method, which look very promising and encouraging for psoriasis lesion segmentation. Furthermore, the figure presents evidence of generality, reliability, and robustness of the method in achieving near-perfect results regardless of the image resolution, skin color, presence of hair in the image, and the size, severity, and shape of the lesion. It is also obvious from the figure that the proposed segmentation method performs very well regardless of the quality, quantity, and nature of features contained in the image. For instance, images in the third row of Fig. 10 have the segmentation results for psoriasis lesions with different thickness, scaliness, and redness scores.
For a quantitative analysis of the proposed method, Fig. 11 shows the performance measures for 24 selected images for each scale individually and also for the fused multiscale superpixel. It is clear from the figure that multiscale superpixel segmentation surpasses the individual scales for almost all images. The figure also illustrates that some images have better segmentation outcomes when using small scales (such as images # 4 and 9) while others require large scales to achieve better results (such as images # 12 and 23).
For fair analysis of the proposed method, we show some false segmentations in Fig. 12 , where two cases have been incorrectly segmented in psoriasis lesions. The first case occurs when lesions with scales contain features that are closer to healthy The second case occurs when the patient's healthy skin contains variable skin colors (i.e., fair and dark). In this case, the image has three groups of skin areas: fair, dark, and lesion areas. The consequence is that the K-means allocates both dark and lesion areas to the same cluster as shown in Fig. 12 (e) and 12(f). Both cases are caused by the clustering algorithm that segments the lesion in an unsupervised manner using a similarity measure.
Comparative Study
To ensure the effective results of the proposed method, a detailed comparison between the proposed method and other state-ofthe-art methods is presented. We have compared our method with the lesion segmentation methods proposed by Lu et al. 10 and Fadzil et al. 11 Lu et al. 10 applied ICA for skin decomposition. 30, 31 The idea is that the spatial distributions of melanin and hemoglobin in human skin can be separated by applying the ICA algorithm on the RGB skin color image (see Fig. 13 ). Then, support vector machine is trained for erythema classification using the intensity values of the decomposed skin images (i.e., melanin and hemoglobin). Fadzil et al. 11 used the hue and chroma values of CIE-L Ã a Ã b Ã to segment psoriasis lesions from healthy skin. First, centroids of healthy skin and lesion regions are calculated for both hue and chroma. Then, each pixel is assigned to the class with minimum Euclidean distance.
In our comparative study, we reimplemented both of the above described approaches. Also, for accurate comparison, both approaches and our proposed method have been applied on the same evaluation set, which consists of 100 images with a split of 40 and 60 for training and testing, respectively. Accuracy, sensitivity, and specificity were used as statistical performance measures. Quantitative and qualitative results are reported in Table 2 . It is clear that the proposed method outperforms the other methods with significant accuracy improvement: 37% and 20% higher than Lu et al.'s and Fadzil et al.'s approaches, respectively. In addition, our sensitivity and specificity are higher than both methods. Also, sample visual results are displayed in Fig. 14 to make the comparison among the methods clearer. First, precise segmentation results of the proposed method are shown to be very close to the ground truth as in Figs. 14(b) and 14(c) . Second, Lu et al.'s method shows inaccurate segmentation for most of the images. This is due to the illumination problem as well as the diverse range of severities included in the evaluation set. Finally, good results are obtained using Fadzil et al.'s method for erythema images, but the method fails to segment scaly lesions as shown in the first row of Fig. 14(c) . In summary, Lu et al.'s 10 method requires images captured under well-controlled illumination, while Fadzil's et al. 11 method deals with erythema images only.
Conclusion and Future Work
The quantification of the psoriasis severity state is the main theme of our research. In this respect, it is very important to provide scoring for all PASI parameters: erythema, scaliness, induration, and area. In this paper, we provide an automated method to quantify one of the PASI parameters-the area. This is achieved in this paper; a robust, reliable, and fully automated method for the segmentation of psoriasis lesions in 2-D images is reported for the first time. The proposed method has been shown to precisely segment all psoriasis lesions no matter what PASI severity parameters are presented. This also contributes to accurate scoring for other PASI severity parameters (i.e., redness, scaliness, and thickness). Thus, the proposed segmentation method can be considered the basis for the quantification of all PASI parameters.
The results of the experiments carried out in this study demonstrate that the SLIC algorithm produces efficient superpixels in psoriasis images. Also, it is noted that nonskin superpixel elimination effectively reduces the complexity of the proceeding stages, specifically K-means. Moreover, it has been verified that a Ã and b Ã color channels have the best features that differentiate between healthy and psoriasis lesion skin pixels. Also, a combination of segmentation results with different superpixel scale using majority voting has been shown to yield the best psoriasis segmentation performance.
The innovation and contribution of this work can be summarized in the following points: (1) the method attains verifiable and accurate results for psoriasis images containing both erythema and scales. (2) It is suitable for psoriasis images with variable resolution, lesions with various sizes, and severity scores and shapes, as well as for dense hairy images. (3) It effectively overcomes the problem of optimal superpixel scale by utilizing the multiscale and image fusion strategies. (4) For the first time, an extensive comparative study of published psoriasis segmentation methods has been performed. The study confirms the efficiency of the proposed method compared with the other published methods.
In the future, supervised classification methods instead of K-means clustering will be investigated to correctly segment images with both dark and bright skin pixels. Also, smoothing or other preprocessing techniques can be involved to smooth out the differences between the lesion erythema and scales, and, consequently, both can be grouped in one cluster. Finally, the proposed method can be used as the basis for further severity assessment of other PASI parameters (area, erythema, and scales).
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